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The Infinitesimal Jackknife and Combinations

of Models

Indrayudh Ghosal, Yunzhe Zhou and Giles Hooker

Abstract. The Infinitesimal Jackknife is a general method for estimating
variances of parametric models and, more recently, also for some ensemble
methods. In this paper we extend the Infinitesimal Jackknife to estimate the
covariance between any two models. This can be used to quantify uncertainty
for combinations of models or to construct test statistics for comparing dif-
ferent models or ensembles of models fitted using the same training dataset.
Specific examples in this paper use boosted combinations of models, like
random forests and M-estimators. We also investigate its application on neu-
ral networks and ensembles of XGBoost models. We illustrate the efficacy
of variance estimates through extensive simulations and its application to the
Beijing Housing data and demonstrate the theoretical consistency of the In-
finitesimal Jackknife covariance estimate. The code is publicly available at

(1]

(2]

(3]

(4]
(5]

(6]
(7]

(8]

(9]

https://github.com/yunzhe-zhou/IJ_ComModels.
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A Unified Theory of Exact Inference and

Learning in Exponential Family Latent
Variable Models

Sacha Sokoloski

Abstract. Bayes’ rule describes how to infer posterior beliefs about latent
variables given observations, and inference is a critical step in learning al-
gorithms for latent variable models (LVMs). Although there are exact al-
gorithms for inference and learning for certain LVMs, such as linear Gaus-
sian models and mixture models, researchers must typically develop approx-
imate inference and learning algorithms when applying novel LVMs. Here,
we study the line that separates LVMs that rely on approximation schemes
from those that do not, and develop a general theory of exponential family
LVMs for which inference and learning may be implemented exactly. First,
under mild assumptions about the exponential family form of the LVM, we
derive a necessary and sufficient constraint on the parameters of the LVM
under which the prior and posterior over the latent variables are in the same
exponential family. We then show that a variety of well-known and novel
models indeed have this constrained, exponential family form. Finally, we
derive generalized inference and learning algorithms for these LVMs, and
demonstrate them with a variety of examples. Our unified perspective fa-
cilitates both understanding and implementing exact inference and learning
algorithms for a wide variety of models, and may guide researchers in the
discovery of new models that avoid unnecessary approximations.

Key words and phrases: Bayesian inference, maximum likelihood, expo-
nential families, latent variable models.
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Jeffreys’ Prior Penalty for High-Dimensional
Logistic Regression:

Aggregate Bias

loannis Kosmidis® and Patrick Zietkiewicz

Abstract.  Firth (1993, Biometrika) shows that the maximum Jeffreys’ prior
penalized likelihood estimator in logistic regression has asymptotic bias de-
creasing with the square of the number of observations when the number
of parameters is fixed, which is an order faster than the typical rate from
maximum likelihood. The widespread use of that estimator in applied work
is supported by the results in Kosmidis and Firth (2021, Biometrika), who
show that it takes finite values, even in cases where the maximum likeli-
hood estimate does not exist. Kosmidis and Firth (2021, Biometrika) also
provide empirical evidence that the estimator has good bias properties in
high-dimensional settings where the number of parameters grows asymp-
totically linearly but slower than the number of observations. We design and
carry out a large-scale computer experiment covering a wide range of such
high-dimensional settings and produce strong empirical evidence for a sim-
ple rescaling of the maximum Jeffreys’ prior penalized likelihood estimator
that delivers high accuracy in signal recovery, in terms of aggregate bias, in
the presence of an intercept parameter. The rescaled estimator is effective
even in cases where estimates from maximum likelihood and other recently
proposed corrective methods based on approximate message passing do not

A Conjecture About

exist.
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Posterior Ramifications of Prior Dependence

Structures

Luke Hagar

and Nathaniel T. Stevens

Abstract.  Prior elicitation methods for Bayesian analyses transfigure prior
information into quantifiable prior distributions. Recently, methods that
leverage copulas have been proposed to accommodate more flexible depen-
dence structures when eliciting multivariate priors. We show that the poste-
rior cannot retain many of these flexible prior dependence structures in large-
sample settings, and we emphasize that it is our responsibility as statisticians
to communicate this to practitioners. We therefore overview objectives for
prior specification that guide conversations between statisticians and practi-
tioners to promote alignment between the flexibility in the prior dependence
structure and the objectives for posterior analysis. Because correctly speci-
fying the dependence structure a priori can be difficult, we consider how the
choice of prior copula impacts the posterior distribution in terms of asymp-
totic convergence of the posterior mode. Our resulting recommendations clar-
ify when it is useful to elicit intricate prior dependence structures and when
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Abstract. Estimating the generalization error (GE) of machine learning
models is fundamental, with resampling methods being the most common
approach. However, in nonstandard settings, particularly those where obser-
vations are not independently and identically distributed, resampling using
simple random data divisions may lead to biased GE estimates. This paper
strives to present well-grounded guidelines for GE estimation in various such
nonstandard settings: clustered data, spatial data, unequal sampling proba-
bilities, concept drift and hierarchically structured outcomes. Our overview
combines well-established methodologies with other existing methods that,
to our knowledge, have not been frequently considered in these particular set-
tings. A unifying principle among these techniques is that the test data used
in each iteration of the resampling procedure should reflect the new observa-
tions to which the model will be applied, while the training data should be
representative of the entire data set used to obtain the final model. Beyond
providing an overview, we address literature gaps by conducting simulation
studies and a real data study. These studies assess the necessity of using GE-
estimation methods tailored to the respective setting. Our findings corrob-
orate the concern that standard resampling methods often yield biased GE
estimates in nonstandard settings, underscoring the importance of tailored
GE estimation.

Key words and phrases: Generalization error, overoptimism, resampling,
cross-validation, machine learning, spatial data, clustered data, unequal sam-
pling probabilities, concept drift, hierarchical classification.
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Abstract. Reinforcement learning (RL) is one of the most vibrant research
frontiers in machine learning and has been recently applied to solve a number
of challenging problems. In this paper, we primarily focus on off-policy eval-
uation (OPE), one of the most fundamental topics in RL. In recent years, a
number of OPE methods have been developed in the statistics and computer
science literature. We provide a discussion on the efficiency bound of OPE,
some of the existing state-of-the-art OPE methods, their statistical proper-
ties and some other related research directions that are currently actively ex-
plored.
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Gibbs Optimal Design of Experiments

Antony M. Overstall, Jacinta Holloway-Brown and James M. McGree

Abstract. Bayesian optimal design is a well-established approach to plan-
ning experiments. A distribution for the responses, that is, a statistical model,
is assumed, which is dependent on unknown parameters. A utility function
is then specified giving gain in information in estimating the true values of
the parameters, using the Bayesian posterior distribution. A Bayesian opti-
mal design is given by maximizing expectation of the utility with respect
to the distribution implied by statistical model and prior distribution for the
true parameter values. The approach accounts for the experimental aim, via
specification of the utility, and of assumed sources of uncertainty. However,
it is predicated on the statistical model being correct. Recently, a new type
of statistical inference, known as Gibbs inference, has been proposed. This
is Bayesian-like, that is, uncertainty for unknown quantities is represented
by a posterior distribution, but does not necessarily require specification of
a statistical model. The resulting inference is less sensitive to misspecifica-
tion of the statistical model. This paper introduces Gibbs optimal design: a
framework for optimal design of experiments under Gibbs inference. A com-
putational approach to find designs in practice is outlined and the framework
is demonstrated on exemplars including linear models, and experiments with
count and time-to-event responses.

Key words and phrases: Gibbs statistical inference, loss function, robust
design of experiments, utility function.
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On Weighted Orthogonal Learners for
Heterogeneous Treatment Effects

Pawet Morzywotek®, Johan Decruyenaere® and Stijn Vansteelandt

Abstract. Motivated by applications in personalized medicine and individ-
ualized policymaking, there is a growing interest in techniques for quantify-
ing treatment effect heterogeneity in terms of the conditional average treat-
ment effect (CATE). Some of the most prominent methods for CATE esti-
mation developed in recent years are T-Learner, DR-Learner and R-Learner.
The latter two were designed to improve on the former by being Neyman-
orthogonal. However, the relations between them remain unclear, and like-
wise the literature remains vague on whether these learners converge to
a useful quantity or (functional) estimand when the underlying optimiza-
tion procedure is restricted to a class of functions that does not include the
CATE. In this article, we provide insight into these questions by discussing
DR-Learner and R-Learner as special cases of a general class of weighted
Neyman-orthogonal learners for the CATE, for which we moreover derive
oracle bounds. Our results shed light on how one may construct Neyman-
orthogonal learners with desirable properties, on when DR-Learner may be
preferred over R-Learner (and vice versa), and on novel learners that may
sometimes be preferable to either of these. Theoretical findings are confirmed
using results from simulation studies on synthetic data, as well as an appli-

cation in critical care medicine.
Key words and phrases:

Causal inference, heterogeneous treatment effects,

orthogonal statistical learning, precision medicine.
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Restricted Maximum Likelihood Estimation in

Generalized Linear Mixed Models

Luca Maestrini
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Abstract.  Restricted maximum likelihood (REML) estimation is a widely
accepted and frequently used method for fitting linear mixed models, with
its principal advantage being that it produces less biased estimates of the
variance components. However, the concept of REML does not immediately
generalize to the setting of nonnormally distributed responses, and it is not
always clear the extent to which, either asymptotically or in finite samples,
such generalizations reduce the bias of variance component estimates com-
pared to standard unrestricted maximum likelihood estimation. In this article,
we review various attempts that have been made over the past four decades
to extend REML estimation in generalized linear mixed models. We estab-
lish four major classes of approaches, namely approximate linearization, in-
tegrated likelihood, modified profile likelihoods and direct bias correction
of the score function, and show that while these four classes may have dif-
fering motivations and derivations, they often arrive at a similar if not the
same REML estimate. We compare the finite sample performance of these
four classes, along with methods for REML estimation in hierarchical gener-
alized linear models, through a numerical study involving binary and count
data, with results demonstrating that all approaches perform similarly well
reducing the finite sample size bias of variance components. Overall, we be-
lieve REML estimation should more widely adopted by practitioners using
generalized linear mixed models, and that the exact choice of which REML
approach to use should, at this point in time, be driven by software availabil-

ity and ease of implementation.
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Bias correction, modified profile likelihood, profile

score function, random effects, variance estimation.
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High-Probability Minimax Lower Bounds

Tianyi Ma, Kabir A. Verchand and Richard J. Samworth

Abstract. The minimax risk is often considered as a gold standard against
which we can compare specific statistical procedures. Nevertheless, as has
been observed recently in robust and heavy-tailed estimation problems, the
inherent reduction of the (random) loss to its expectation may entail a signifi-
cant loss of information regarding its tail behavior. In an attempt to avoid such
a loss, we introduce the notion of a minimax quantile, and seek to articulate
its dependence on the quantile level. To this end, we develop high-probability
variants of the classical Le Cam and Fano methods, as well as a technique to
convert local minimax risk lower bounds to lower bounds on minimax quan-
tiles. To illustrate the power of our framework, we deploy our techniques
on several examples, recovering recent results in robust mean estimation and
stochastic convex optimization, as well as obtaining several new results in
covariance matrix estimation, sparse linear regression, nonparametric density
estimation and isotonic regression. Our overall goal is to argue that minimax
quantiles can provide a finer-grained understanding of the difficulty of statis-
tical problems, and that, in wide generality, lower bounds on these quantities
can be obtained via user-friendly tools.
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lemma.
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The Fundamental Limits of
Structure-Agnostic Functional Estimation

Sivaraman Balakrishnan, Edward Kennedy and Larry Wasserman

Abstract. Many recent developments in causal inference, and functional es-
timation problems more generally, have been motivated by the fact that clas-
sical one-step (first-order) debiasing methods, or their more recent sample-
split double machine-learning avatars, can outperform plug-in estimators un-
der surprisingly weak conditions. These first-order corrections improve on
plug-in estimators in a black-box fashion, and consequently are often used
in conjunction with powerful off-the-shelf estimation methods. On the other
hand, these first-order methods are provably suboptimal in a minimax sense
for functional estimation when the nuisance functions live in Holder-type
function spaces. This suboptimality of first-order debiasing has motivated the
development of “higher-order” debiasing methods. The resulting estimators
are, in some cases, provably optimal over Holder-type spaces, but in sharp
contrast to first-order estimators, both the estimators which are minimax-
optimal and their analyses are crucially tied to properties of the underly-
ing function space. Along a similar vein, some work has considered +/n-
consistent estimation of causal effects under weaker conditions than those
required by first-order methods, once again relying on higher-order debi-
asing. More recent work in this area has focused on attempting to weaken
the dependence of these higher-order estimators on the underlying nuisance
function spaces, to make the resulting estimators and theory more robust. A
central focus has been to try to make higher-order methods compatible with
black-box nuisance estimators.

In this paper, we investigate the fundamental limits of structure-agnostic
functional estimation, where relatively weak conditions are placed on the un-
derlying nuisance functions. We show that there is a strong sense in which
existing first-order methods are optimal. Particularly, we show that for several
canonical integral functionals of interest it is impossible to improve on first-
order estimators without making further, strong structural assumptions. We
achieve this goal by providing a formalization of the problem of functional
estimation with black-box nuisance function estimates, and deriving mini-
max lower bounds for this problem. Our results highlight some clear trade-
offs in functional estimation—if we wish to remain agnostic to the under-
lying nuisance function spaces, impose only high-level rate conditions, and
maintain compatibility with black-box nuisance estimators then first-order
methods are optimal. When we have a better understanding of the structure
of the underlying nuisance functions then carefully constructed higher-order
estimators can outperform first-order estimators.

Key words and phrases: Functional estimation, causal inference, double
machine learning.
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Abstract. Supervised machine learning and predictive models have
achieved an impressive standard today, enabling us to answer questions that
were inconceivable a few years ago. Besides these successes, it becomes
clear, that beyond pure prediction, which is the primary strength of most su-
pervised machine learning algorithms, the quantification of uncertainty is rel-
evant and necessary as well. However, before quantification is possible, types
and sources of uncertainty need to be defined precisely. While first concepts
and ideas in this direction have emerged in recent years, this paper adopts a
conceptual, basic science perspective and examines possible sources of un-
certainty. By adopting the viewpoint of a statistician, we discuss the concepts
of aleatoric and epistemic uncertainty, which are more commonly associated
with machine learning. The paper aims to formalize the two types of uncer-
tainty and demonstrates that sources of uncertainty are miscellaneous and
can not always be decomposed into aleatoric and epistemic. Drawing par-
allels between statistical concepts and uncertainty in machine learning, we
emphasise the role of data and their influence on uncertainty.

Key words and phrases: ~Uncertainty, supervised machine learning, aleator-
ic uncertainty, epistemic uncertainty, label noise, measurement error, omit-
ted variables, non-i.i.d. data, distribution shift, missing data, data-centric ma-
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